
TraceTrans: Translation and Spatial Tracing for Surgical Prediction

Xiyu Luo1*, Haodong Li1*, Xinxing Cheng2, He Zhao3, Yang Hu4, Xuan Song5, Tianyang Zhang6†

1Southern University of Science and Technology, China
2University of Birmingham, United Kingdom

3University of Liverpool, United Kingdom
4University of Leicester, United Kingdom

5Jilin University, China
6University of Oxford, United Kingdom

luoxy2022@mail.sustech.edu.cn, tianyang.zhang@eng.ox.ac.uk

Abstract

Image-to-image translation models have achieved notable
success in converting images across visual domains and are
increasingly used for medical tasks such as predicting post-
operative outcomes and modeling disease progression. How-
ever, most existing methods primarily aim to match the tar-
get distribution and often neglect spatial correspondences
between the source and translated images. This limitation
can lead to structural inconsistencies and hallucinations, un-
dermining the reliability and interpretability of the predic-
tions. These challenges are accentuated in clinical applica-
tions by the stringent requirement for anatomical accuracy.
In this work, we present TraceTrans, a novel deformable
image translation model designed for post-operative predic-
tion that generates images aligned with the target distribu-
tion while explicitly revealing spatial correspondences with
the pre-operative input. The framework employs an encoder
for feature extraction and dual decoders for predicting spa-
tial deformations and synthesizing the translated image. The
predicted deformation field imposes spatial constraints on the
generated output, ensuring anatomical consistency with the
source. Extensive experiments on medical cosmetology and
brain MRI datasets demonstrate that TraceTrans delivers ac-
curate and interpretable post-operative predictions, highlight-
ing its potential for reliable clinical deployment.

Code — https://github.com/xyluoxy/TraceTrans

Introduction
Medical image-to-image translation is particularly impor-
tant for post-operative outcome prediction, where the ob-
jective is to generate realistic post-operative images from
pre-operative inputs while preserving anatomical plausibil-
ity. Such predictions help clinicians visualize potential sur-
gical outcomes, plan interventions, and communicate ex-
pected changes to patients. Beyond cosmetic surgery, similar
approaches can model longitudinal changes in neurological
diseases or tumor evolution, offering valuable insights for
both clinical practice and research.

*These authors contributed equally.
†Corresponding author.

Copyright © 2026, Association for the Advancement of Artificial
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Figure 1: TraceTrans employs an encoder with dual decoders
to predict both spatial deformation and translated images.
The deformation field provides pixel-level correspondences
from the source to the target, ensuring structural alignment
while adapting to the target distribution. No fixed reference
image is required during training and inference.

Recent advances in deep generative models, including
GAN-based (Isola et al. 2016; Zhu et al. 2017) and diffusion-
based approaches (Saharia et al. 2021; Rombach et al. 2021;
Su et al. 2023), have improved image realism across transla-
tion tasks. However, most existing methods focus on match-
ing the target distribution and neglect spatial correspon-
dences between source and translated images, leading to in-
consistencies and hallucinations that compromise reliabil-
ity and interpretability. A common workaround is to en-
force structural invariance between input and output to im-
prove consistency (Zhang et al. 2019), but this conflicts with
the objective of post-operative prediction, where structural
changes must be realistically modeled.

To address the challenges of structural inconsistency and
provide traceable spatial changes during translation for post-
operative prediction, we aim to develop a conditional gen-
erative framework capable of jointly predicting spatial de-
formations and post-operative translated outcomes, as il-
lustrated in Figure 1. Conventional registration approaches,
such as VoxelMorph (Balakrishnan et al. 2018), are effective
at estimating deformation fields between a fixed and a mov-
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Figure 2: TraceTrans jointly predicts spatial deformations
and post-operative translations, enabling pixel-level cor-
respondences and traceable structural changes for inter-
pretable surgical outcome prediction. The second row illus-
trates the translation process, where spatial shifts are com-
posed from velocity fields, while the first row shows that
the close alignment between edges of the deformed pre-
operative based on the predicted deformation and predicted
post-operative images confirms anatomical correspondence.

ing image, yet they require a fixed reference image, which is
unavailable in translation tasks where only the source image
is provided. Moreover, these methods focus solely on de-
formation estimation and cannot generate images that align
with the target distribution. In contrast, our goal integrates
deformation prediction and image synthesis within a uni-
fied end-to-end network. This design allows the model to
generate anatomically consistent translations while simulta-
neously providing pixel-level correspondences between the
translated and source images, thereby enhancing both inter-
pretability and reliability in clinical applications such as sur-
gical outcome prediction.

Therefore, we propose TraceTrans, a novel two-stream
end-to-end model for surgical outcome prediction. To the
best of our knowledge, this is the first approach to gener-
ate predicted post-operative images with spatial traceabil-
ity without requiring fixed reference images as additional
inputs. The model consists of an encoder for feature ex-
traction and two decoders that predict a velocity field and
synthesize the translated image. The velocity field is inte-
grated into a deformation field through an iterative com-
position process, and the resulting spatial changes are il-
lustrated in Figure 2. To preserve anatomical structure in
the translated images, multiple structural constraints are in-
corporated into the training objective, as detailed in Sec.
Method. We evaluate TraceTrans on both medical cosme-
tology and BraTS-Reg (Baheti et al. 2021) datasets, which
contain pre-operative–post-operative face image pairs and
brain MRI slice pairs. Quantitative and qualitative compar-
isons with existing image translation models demonstrate
that TraceTrans produces higher-quality translations with
superior structural consistency to the source images, as pre-
sented in Sec. Experiments.

Our main contributions can be summarized as follows.

• We define the interpretable surgical prediction task
as generating spatially traceable post-operative images
solely from pre-operative inputs.

• We propose TraceTrans, a novel two-stream end-to-end
model for surgical outcome prediction. To the best of our
knowledge, this is the first approach to generate predicted
post-operative images with spatial traceability, without
requiring fixed reference images during translation train-
ing to capture structural changes.

• TraceTrans is evaluated on two representative scenar-
ios: predicting facial structural changes after cosmetic
surgery and modeling longitudinal brain MRI changes in
glioma patients, with results demonstrating superior ef-
fectiveness compared to prior approaches.

Related Works
Image-to-Image Translation
Image-to-image translation is a core task in computer vision
and aims to generate image in target domain based on image
in source domain while preserving the structure of subject in
the image. From the perspective of dataset, current image-to-
image translation methods can be roughly categorized into
supervised methods and unsupervised methods that require
datasets with paired data and two datasets in different do-
mains, respectively, and from the perspective of architecture,
Generative Adversarial Network (GAN) (Goodfellow et al.
2014) and diffusion model (Ho, Jain, and Abbeel 2020) are
the most popular basic architectures for this task, and many
works are adapted from one of them.

Pix2Pix (Isola et al. 2016) and CycleGAN (Zhu et al.
2017) are pioneering works in supervised GAN and unsu-
pervised GAN and both lay a solid foundation for the devel-
opment of GAN-based image-to-image translation models
(Wang et al. 2017; Fu et al. 2018; Kong et al. 2021; Amirko-
laee and Amirkolaee 2022; Xin et al. 2024). Palette (Saharia
et al. 2021) is the first systematic and diffusion-based im-
age translation framework that achieves outstanding perfor-
mance in multiple image translation tasks. After the suc-
cess of Palette, many diffusion-based image-to-image trans-
lation models are proposed, such as Latent Diffusion Models
(Rombach et al. 2021), DiffI2I (Xia et al. 2023), DDIB (Su
et al. 2023) and so on. Although these models are capable
of generating good translated images, it is difficult to main-
tain a precise structure correspondence between the trans-
lated image and the source image. Hence, they cannot be
directly applied to surgical prediction task.

Surgical Prediction
Prediction of the natural progression of disease and predic-
tion of surgical outcome are two important tasks that facili-
tate the diagnosis and planning of surgery. With the advance-
ment of image-to-image translation models, many works
adapt them, such as GAN-based models (Ravi et al. 2022;
Xia et al. 2021; Yoo, Choi, and Kim 2020; Hwang et al.
2021) and diffusion-based models (Yoon et al. 2023) to di-
rectly synthesize the outcome image and achieve excellent
results in their specific field. We choose the GAN model as
our backbone due to its high response ability, and our aim
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is to provide a more robust and reliable surgical outcome
prediction model.

Medical Image Registration
Medical image registration aims to establish the spatial cor-
respondence between two images that shares the same struc-
ture for the subject and is the crucial and fundamental step
in medical image analysis. Traditional methods solve the
best registration by optimizing a predefined similarity metric
(Rueckert et al. 1999; Avants et al. 2011) and the optimiza-
tion process is relatively slow. Deep learning-based meth-
ods, such as VoxelMorph (Balakrishnan et al. 2018), accel-
erate the prediction process by modeling registration as a
regression problem. Due to the outstanding performance of
VoxelMorph, many follow-up works (Kim et al. 2020; Mok
and Chung 2020; Cheng et al. 2025) are adapted from it.
Although these methods are capable of predicting the regis-
tration with high precision, they cannot be applied directly
to surgical prediction, since these models require fixed im-
ages as input, and the fixed images are unavailable before
prediction.

Method
The backbone of TraceTrans adopts a dual-stream GAN ar-
chitecture, consisting primarily of an encoder ϵ, followed by
a pixel translation decoder g, and a parallel deformation flow
decoder f . Two corresponding discriminators are employed
to distinguish between the translated and deformed outputs,
respectively. An overview of TraceTrans’s architecture is il-
lustrated in Figure 3. We begin by defining the deformation
process in Sec. Image Deformation, then describe the struc-
ture of the model’s backbone in Sec. Model Architecture,
and finally provide details of the training procedure in Sec.
Training.

Image Deformation
Given m as the n-dimensional source (moving) image de-
fined over grid Ω ⊂ Rn, let u : Ω → Rn and v : Ω → Rn

be the displacement field and the velocity field, respectively.
To encourage a diffeomorphic deformation, we integrate the
predicted stationary velocity field v to form the displace-
ment field u using scaling and squaring layers (Ashburner
2007). The displacement field uT at any time T is integrated
from the velocity field v according to

uT (p) =

∫ T

0

v((Id+ ut)(p))dt. (1)

In our code implementation, we adopt T = 1 to obtain the
final displacement field u = u1, using a 7-step integration.
Consequently, the resulting deformation field ϕ can be ex-
pressed as

ϕ(p) = (Id+ u)(p), (2)

where p ∈ Ω is an arbitrary spatial point of dimension n
in the moving image m, which is, in the 2D case, a pixel.
Id(p) = p is an identity deformation. Once the deformation
field ϕ is predicted, the warped image m′ can be generated
by m′ = m ◦ ϕ if m is defined over Rn.

Note that m ◦ ϕ(p) is not defined for ϕ(p) /∈ Ω, inter-
polation is needed to estimate the value of m at ϕ(p) /∈
Ω. Hence the spatial transformer network (Jaderberg et al.
2015) is utilized to perform a differentiable linear interpo-
lation at a point ϕ(p) /∈ Ω. More specifically, the linear
interpolation process is defined as

m′(p) ≈
∑

q∈Z(p′)

m(q)
n∏

i=1

(1− |qi − p′
i|), (3)

where m′ is the warped image, p′ = ϕ(p), and Z(p′) is the
set of 2n discrete neighbor points of p′.

Model Architecture
As illustrated in Figure 3, the network comprises three com-
ponents: 1) an encoder ϵ hierarchically extracts multi-scale
features from the pre-operative images; 2) two decoders, g
and f , are employed to predict pixel translations of post-
operative images and to estimate spatial transformations, re-
spectively; 3) two discriminators, Dtrans and Dwarp, are used
to distinguish the results of translated post-operative and the
deformed pre-operative images, respectively.

Given a pre-operative image x, the encoder ϵ extracts
multi-scale features ϵ(x). Then, the translation decoder g
takes these multi-scale features to generate the translated
post-operative image as:

ytrans = g(ϵ(x)). (4)

In the Spatial Transformation Module, we note that the
warped result ywarp is not directly generated by the defor-
mation decoder f . Instead, f produces a velocity field v:

v = f(ϵ(x)). (5)

The final deformation field ϕ is then obtained by integrating
the velocity field v, as defined in Eq. 1 and Eq. 2. Next, ϕ
is applied to warp the pre-operative image x, producing the
deformed result:

ywarp = x ◦ ϕ. (6)

Suppose the ground truth post-operative reference image
is y. The translated ytrans is combined with y to form a fake-
real pair, and fed to the translation discriminator Dtrans. Sim-
ilarly, ywarp is also combined with y and fed to the warp dis-
criminator Dwarp. Our discriminators adopt the conditional
GAN formulation, in which the source image x is used as
a condition to guide the discrimination process (Mirza and
Osindero 2014) and are discussed in the next Section.

To ensure structural correspondence between ytrans and
ywarp, a cross-domain constraint is applied between the two
images. This constraint is implemented via differentiable
normalized mutual information (DNMI) loss.

Training
DNMI We adopt differentiable mutual information to
compute the loss between generated ywarp and reference y,
as well as the cross-domain similarity between ytrans and
ywarp, in order to include the cross-domain constraint in the
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Figure 3: Overview of the TraceTrans framework. An encoder extracts features from the pre-operative image, which are pro-
cessed by two decoders: the pixel translation module generates the post-operative prediction, and the spatial transformation
module predicts the deformation field. The deformation ensures structural correspondence between the pre-operative and post-
operative domains, while discriminators and multi-level constraints jointly optimize translation fidelity and anatomical consis-
tency.

final backpropagation. The definition of normalized differ-
entiable mutual information (Qiu et al. 2021) is given as fol-
lows.

NMI(X,Y ) =
H(X) +H(Y )

H(X,Y )
(7)

where X , Y are two random variables, H(X) is the entropy.
Note that NMI is not differentiable, Parzen window (Theve-
naz and Unser 2000) is used to substitute for original rect-
angular window. Since the more two images are structurally
similar to each other, the higher the DNMI is, LDNMI(x, y)
is formulated as LDNMI(x, y) = −DNMI(x, y).

Trans-Deform Ratio In order to clearly define the com-
putation of losses of our model, it is necessary to explain the
controllable ratio of the two GAN streams in TraceTrans.
Since the two decoders g and f are responsible for transla-
tion and deformation tasks respectively, we can control the
backpropogation proportions of the two tasks. We define the
proportion of the translation task in TraceTrans as α, and the
deformation task 1 − α. α is a hyperparameter that can be
adjusted during training.

A content alignment loss Lalign is defined to measure
the semantic consistency between the generated outputs and
their corresponding targets, as well as the cross-domain con-
straint:

Lalign =αLtrans
L1 + (1− α)Lwarp

DNMI

+min(α, 1− α) · γ · Lcross
DNMI,

(8)

where Ltrans
L1 = ∥ytrans −y∥1, Lwarp

DNMI = −DNMI(ywarp,y),
and Lcross

DNMI = −DNMI(ytrans,ywarp). Here, γ is used to
control the strength of cross-domain constraint. The sensi-
tivity analysis of γ is discussed in Sec: Cross-Domain Con-
straint.

Training Framework The adversarial loss Ladv, G for the
generator G and Ladv, D for the discriminator D are defined
by the minimax game,

θ∗G = argmin
θG

max
θD

[
Ex∈X |D(x, y(x))|2

+Ex∈X |1−D(x,G(x))|2
]

,
(9)

and written as follows, respectively.
Ladv, G(θG) = |D(x,G(x))− 1|2 (10)

Ladv, D(θD) =
1

2

(
|D(x, y(x))− 1|2 + |D(x,G(x))|2

)
(11)

where θG, θD denote the parameters for G, D respectively;
θ∗G denotes the best parameter for G; X is the set of source
images, y(x) is the target image corresponding to the source
image x.

Overall Loss Function Given the trans-proportion α and
the content alignment loss Lalign, the overall generator loss
LG is computed as

LG =Lalign + λadv(αLtrans
adv, G + (1− α)Lwarp

adv, G)

+ (1− α)λsmoothLsmooth,
(12)

and the overall discriminator loss LD is
LD = λadv(αLtrans

adv, D + (1− α)Lwarp
adv, D). (13)

The Ltrans
adv, G and Lwarp

adv, G represent the adversarial losses
for the two generation tasks, respectively. Likewise Ltrans

adv, D
and Lwarp

adv, D are adversarial losses for two discriminators. The
smoothness term Lsmooth(v) =

∑
p∈Ω ∥∇v(p)∥2 is used to

regularize the spatial gradients of the deformation field and
to ensure the diffeomorphism of the velocity field.
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Method SSIM(%)↑ MAE↓ PSNR↑ NMI↑
MUNIT (Huang et al. 2018) 79.64 (±4.11) 22.65 (±10.57) 28.96 (±2.90) 1.1670 (±0.0199)
CycleGAN (Zhu et al. 2017) 78.51 (±4.63) 17.92 (±4.50) 29.33 (±1.93) 1.1802 (±0.0333)
GcGAN (Fu et al. 2018) 77.67 (±4.55) 18.81 (±5.21) 29.26 (±1.97) 1.1738 (±0.0314)
Pix2Pix (Isola et al. 2016) 79.93 (±4.20) 16.72 (±3.98) 29.60 (±1.08) 1.1821 (±0.0446)
Palette (Saharia et al. 2021) 69.80 (±4.55) 25.38 (±7.55) 27.63 (±2.25) 1.1737 (±0.0242)
DDIB (Su et al. 2023) 74.63 (±5.72) 20.47 (±8.53) 28.32 (±2.44) 1.1745 (±0.0243)
TraceTrans 82.92 (±4.14) 14.37 (±4.41) 29.86 (±0.93) 1.1943 (±0.0414)

Table 1: Quantitative comparison on the Face Cosmetology datasets. TraceTrans obtained the best result in all the metrics on
this datasets.

Method SSIM(%)↑ MAE↓ PSNR↑ NMI↑
MUNIT (Huang et al. 2018) 72.10 (±7.35) 13.35 (±4.31) 31.52 (±2.39) 1.2144 (±0.0235)
CycleGAN (Zhu et al. 2017) 72.10 (±7.59) 14.95 (±4.59) 31.45 (±2.58) 1.2080 (±0.0218)
GcGAN (Fu et al. 2018) 72.67 (±8.24) 15.06 (±4.92) 31.28 (±2.72) 1.2100 (±0.0240)
Pix2Pix (Isola et al. 2016) 74.01 (±6.85) 14.74 (±3.91) 31.30 (±0.48) 1.2112 (±0.0291)
Palette (Saharia et al. 2021) 61.96 (±10.23) 21.19 (±8.03) 29.10 (±2.48) 1.2055 (±0.0262)
DDIB (Su et al. 2023) 65.47 (±6.46) 18.31 (±4.26) 31.18 (±1.74) 1.1864 (±0.0146)
TraceTrans 75.97 (±6.90) 13.30 (±3.93) 31.48 (±0.44) 1.2181 (±0.0285)

Table 2: Quantitative comparison on the Brain MRI datasets. TraceTrans obtained the best result in the majority of metrics on
this datasets.

Pre-operative Reference MUNIT GcGAN Palette DDIB Ours Deformed edge

Figure 4: Qualitative comparison of our method and several baselines. The images in the first row and the second row are the
results on face cosmetology dataset and brain MRI dataset, respectively. The first two columns show the input and ground truth
images, the last column shows Sobel edge maps derived from the deformed source images using the predicted deformation field
of our method.

Experiments
We conduct several experiments and an ablation study to
evaluate the effectiveness of our method in surgical predic-
tion, and a sensitivity study to find the best value for hyper-
parameters α and γ. Two different domains are considered:
face cosmetic surgery and brain tumor surgery. We compare
our model with several representative models including both
GAN-based and diffusion-based models.

Datasets
Face Cosmetology This dataset is a proprietary collection
curated by us and consists of 412 paired frontal face images
captured before and after cosmetic surgery. Each pair cor-
responds to the same individual and was collected with in-
formed consent from the image providers. To ensure consis-

tency across samples, an automated face detection pipeline
is applied to locate facial regions in each image, followed
by masking of non-facial areas such as background and hair.
The cropped facial region is then resized to a standardized
resolution of 256× 256× 3, where the three channels corre-
spond to RGB color information. After preprocessing, 330
image pairs are used for training and the remaining 82 pairs
are reserved for testing.

Brain MRI We also evaluate our method on the BraTS-
Reg (Baheti et al. 2021) dataset, which provides pre-
operative and follow-up MRI scans for patients with diffuse
glioma. The dataset includes multimodal MRI sequences
(T1, T2, FLAIR, and T1 contrast-enhanced) collected lon-
gitudinally for each subject. To mitigate inter-scan variabil-
ity caused by different acquisition protocols, histogram stan-
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dardization (Nyul, Udupa, and Zhang 2000) is first applied
to the pre-operative and follow-up T1 and T2 scans. We then
perform Z-normalization, rescale the intensity to the [0, 1]
range, and crop the scans to a resolution of 192×192×128.
The pre-operative and follow-up scans are rigidly aligned
using the SimpleITK registration framework (Yaniv et al.
2018). For experiments, 160 subjects in BraTS-Reg are split
into training and testing sets with a 7:3 ratio and the cen-
tral eleven slices are extracted to form a dataset with 1232
training pairs and 528 testing pairs.

Implementation Details
Our model is implemented in PyTorch and trained for 500
epochs using a batch size of 8. All experiments are con-
ducted on an NVIDIA A100 GPU with 40GB of VRAM.
Input images are resized to 256× 256 and normalized to the
range [−1, 1].The network is optimized using the Adam op-
timizer with a learning rate of 2 × 10−4. The encoder con-
tains 5 downsampling layers, where the number of output
channels for each layer is [64, 128, 256, 512, 512]. We use
the PatchGAN discriminators in our network as proposed
in Pix2Pix (Isola et al. 2016). The optimal hyperparameters
used for training are α = 0.5, γ = 1.0, λadv = 0.01, and
λsmooth = 0.2. We use 16 bins for Lwarp

DNMI and 32 bins for
Lcross

DNMI.

Evaluation Metrics
We evaluate the performance of TraceTrans and base-
line methods using four standard image similarity met-
rics: Structural Similarity Index (SSIM) (Wang et al.
2004), Peak Signal-to-Noise Ratio (PSNR), Mean Abso-
lute Error (MAE), and Normalized Mutual Information
(NMI) (Studholme, Hill, and Hawkes 1999). Higher values
of SSIM, PSNR, and NMI, and a lower value of MAE, in-
dicate better image quality and closer alignment with the
ground truth.

Experiment Results on Face Cosmetology
Performance evaluations on the face cosmetology dataset
are presented in Table 1, where TraceTrans outperforms all
other models across all metrics. The significant improve-
ments in SSIM and NMI indicate TraceTrans’s superior abil-
ity to preserve structural correspondence. In addition, the
increase in PSNR and reduction in MAE suggest that the
predicted post-operative images generated by TraceTrans
exhibit better texture translation quality compared to other
models. The qualitative results are shown in the first row of
Figure 4, where the predicted post-operative image produced
by TraceTrans is visually more similar to the reference im-
age than those generated by the other methods, aligning well
with the quantitative results.

Experiment Results on Brain MRI
To further demonstrate the effectiveness of TraceTrans, we
additionally evaluated the model on Brain MRI dataset. The
quantitative results are shown in Table 2 and TraceTrans per-
forms best in SSIM, MAE, NMI and slightly worse than
MUNIT in PSNR. Since the difference between TraceTrans

and MUNIT on PSNR is less than 5% of either standard de-
viation, then this difference is negligible. TraceTrans shows
significant SSIM improvement while matching MUNIT’s
PSNR and achieving the lowest MAE, demonstrating bal-
anced excellence in both structural and textural translation.
Qualitative results are illustrated in the second row of Figure
4, the image generated by our model is visually best similar
to the reference image.

Ablation Study
To study the necessity of each component, we conducted two
ablation studies: one evaluating structural correspondence
and the other assessing fidelity of the predicted results, with
further details provided in the sensitivity analysis.

Match

Edges from generated image Edges from deformed images

Deformed by 
Single-stream

Deformed by two-stream 
with constraints Generated Image

Not Match

Figure 5: Illustration of correspondence comparison in the
ablation study. The proposed two-stream constrained net-
work generates deformations that align with the translated
images, whereas a similar single-stream architecture fails to
preserve this correspondence.

Correspondence (evaluated by edge) SSIM (%)↑ PSNR↑ NMI↑

Single-stream (two networks) 55.58 18.24 0.2167
Two-stream no constraints 58.50 19.21 0.2224
TraceTrans 59.48 19.34 0.2249

Table 3: Quantitative comparison of correspondence perfor-
mance for different model components.

The evaluation of structural correspondence, which is the
most critical aspect, is performed using deformations pre-
dicted solely from preoperative images. Specifically, the
source image is warped using the predicted deformation
field, and Sobel edge maps are computed from the warped
image. These are then compared with the Sobel edge maps
of the predicted postoperative images to quantify the differ-
ence between corresponding edges. For this ablation, three
configurations are examined: (1) a single-stream network
that generates postoperative images and deformations in par-
allel without a shared encoder; (2) a two-stream network
with a shared encoder but without the structural correspon-
dence constraint; and (3) the proposed full model.

Table 3 compares correspondence performance across
model variants. The single-stream design without shared
encoding or correspondence constraints yields the lowest
scores, while adding a two-stream structure improves all
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(a) Pre-operative (b) Reference (c) α = 1 (d) α = 0.75 (e) α = 0.5 (f) α = 0.25

Figure 6: Brain MRI predictions under α = 1, 0.75, 0.5 and 0.25.

metrics. The full TraceTrans model, which also includes the
correspondence constraint, achieves the best results, con-
firming its effectiveness in preserving edge-level alignment
between preoperative and postoperative predictions.

Additionally, an ablation on image fidelity (Table 4)
shows that adding the deformation stream improves MAE,
and further introducing the cross-domain constraint achieves
the best fidelity, confirming the benefit of the full TraceTrans
design.

Trans Stream Deform Stream Cross-Domain Constraint Face MAE↓
✓ ✗ ✗ 12.88
✓ ✓ ✗ 12.03
✓ ✓ ✓ 10.64

Table 4: Ablation study on image fidelity.

Sensitivity Analysis
Trans-Defrom Ratio α controls the contribution of the
two streams in our model. We evaluate its impact on two
datasets, focusing on (1) traceability from input to predicted
output and (2) the quality of the prediction.

To assess traceability, we use ANTs (Avants et al. 2011)
to compute a deformation field from the pre-operative to
the predicted post-operative image. We then measure sim-
ilarity between the predicted image and the warped pre-
operative image. Since the deformation stream is disabled
when α = 1, its field is excluded for fairness. At α = 1,
the model reduces to Pix2Pix, which often produces blurry
MRI outputs, making ANTs registration unstable—though
it remains stable on the face cosmetology dataset.

Although both models perform similarly in global fa-
cial regions, Pix2Pix struggles to reconstruct key features
(e.g., eyes, nose, mouth). We address this by masking non-
essential areas and computing edge Dice scores within the
masked regions. Results are reported in the first row of Ta-
ble 5. These findings show that the deformation stream en-
hances both spatial traceability and prediction quality.

We assess output quality by computing the SSIM between
predicted and ground-truth post-operative brain MRIs. As
shown in Table 5, α = 0.5 provides the best trade-off be-
tween pixel-level similarity and structural consistency. Fig-
ure 6 presents qualitative comparisons across different α val-
ues.

Cross-Domain Constraint γ is a key parameter that con-
trols the strength of the cross-domain constraint between

α 1 0.75 0.5 0.25

Masked Dice(%) (face) 44.72 49.26 51.10 49.62
SSIM(%) (MRI) 74.01 75.11 75.97 75.57

Table 5: Effect of different (α) values on traceability and
prediction quality. Traceability is measured by Masked Dice
between warped input (using ANTs) and predicted output.

ytrans and ywarp. Although both decoders share the same en-
coder, it is important to assess whether this constraint is
necessary to ensure structural consistency between their out-
puts. We conduct a sensitivity analysis on five γ values rang-
ing from 0 to 1 using the face cosmetology dataset.

The cross-domain constraint primarily enforces structural
alignment between ytrans and ywarp, which we evaluate us-
ing SSIM. Within the tested range, larger γ values consis-
tently improve structural consistency. Additionally, we ob-
serve that stronger constraints enhance traceability from the
input to the predicted output, as reflected by higher masked
Dice scores. Results are summarized in Table 6.

γ 0 0.25 0.5 0.75 1.0

Masked SSIM(%) 83.00 83.19 83.69 85.03 85.16
Masked Dice(%) 45.60 45.70 46.79 48.96 51.10

Table 6: Effect of Cross-Domain Constraint Strength (γ) on
structural correspondence and traceability. Structural corre-
spondence between ytrans and ywarp is measured by SSIM
between unmasked facial areas of these two. Masked Dice
is calculated in the same way as Table 5.

Conclusion
In this work, we introduced TraceTrans, a deformable
image-to-image translation framework for postoperative
prediction. Unlike prior methods that focus on distribution
alignment and neglect spatial correspondence, TraceTrans
predicts deformation fields to trace structural changes and
ensure anatomical consistency. By integrating deformation
prediction and image synthesis in an end-to-end design, it
produces translations that are both visually accurate and in-
terpretable. Experiments on medical cosmetology and brain
MRI datasets show superior translation quality and struc-
tural fidelity, demonstrating its potential for clinical appli-
cations requiring precise postoperative modeling.
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